Abstract. The study of the narrative elements in tales and myths (motifs) belongs to a long tradition, initially aimed at finding the area of origin of early narratives (Urtexts). This objective, which has been much criticized, is generally abandoned today, but is it possible to establish the basis for an objectively verifiable mythogeography? Computer technology enables sophisticated mathematical computations on databases of an unprecedented scale, which makes it possible to base the comparative mythology on replicable calculation processes. In order to check for several subsets of motifs that could be specific to particular zones or continents, we test here two new methods on a corpus of 2264 motifs from ca. 40.000 myths recorded among 934 peoples around the globe, and we show that these motifs are best classified into two main groups.
Introduction
We consider here myths as narratives explaining and justifying the present state of the world. They are always regarded as telling the truth in the societies where there are told. The scientific study of this type of story is fairly recent, and it is the subject of a particular discipline: comparative mythology. To facilitate comparisons, the thousands of myths known in all documented societies have been classified into several fundamental types: cosmogonic myths expose the origin of the universe, anthropogonic myths explain the appearance of mankind, ethnogonic myths tell how humanity was divided into different peoples speaking different languages, etc. Many other myths expose the origin of this or that natural or cultural phenomenon: sun, fire, sexuality, domestication, writing, etc. (Le Quellec and Sergent 2017) . Each myth can be deconstructed into 'motifs', defined here as "any features or combinations of features in folklore texts (images, episodes, sequences of episodes) which are subject to replication and found in different traditions" (Berezkin 2015a) .
Take, for example, the many myths of the origin of fire (Frazer 1930 ). It will be easier to compare them if we take into account the presence/absence of motifs such as these: A Living Creature Personifies Fire, Woman Gives Birth to Fire, First Fire is Stolen from Original Owner, Original Owner is a Jaguar, Original Owner is a Toad, etc. The advantage of choosing such motifs as units of analysis is the degree of abstraction it implies. Even if the superficial details of the story have been mistranslated or partially forgotten, the motif is still easy to identify.
First, many mythological motifs remain stable over time and are easily identifyable in similar complex stories at long distances (e.g. Gouhier 1892, Bogoras 1902 , Jochelson 1905 , Hatt 1949 , Lévi-Strauss 2002 . Second, the distribution of myths seems to be geographically stable over very long periods of time, as shown for instance by the worldwide contrasting distribution of the 'emergence motif' (i.e. apparition of the first humans from under the earth) and the 'earth diver' motif (Berezkin 2007 , Le Quellec 2014 . As another example, the myth of the Frog/Toad in the Moon is already documented during the Han dynasty (Dai Lin and Cai Yun-zhang 2005) , and propagates over very large distance, from Asia to the northwest coast of North America where it is widespread, without much change. Other motifs are found in similar complex stories and widespread on either side of the Bering Strait (for numerous instances, see Hatt (1949) , Berezkin (2013) ).
In their studies, folklorists and folk tale specialists generally use Thompson's repertoire of motifs (1955) (1956) (1957) (1958) , but this tool is poorly suited to global comparative studies because, for example, Eurasia and North America are overrepresented in relation to Africa and Oceania. Thompson has a total of 639 bibliographic sources, and Berezkin no less than 7456, among them more than 2484 are original sources in Russian, mostly about Siberian, Altaic and Finno-Ugric peoples rarely or never mentioned in the motif index. As far as Africa is concerned, Berezkin uses 469 sources, whereas Thompson used only 58.
So, we use here the considerable database of myths elaborated by Berezkin (2015b) which is more comprehensive and better adjusted to mythological studies. This corpus contains over 2264 motifs from over 934 different peoples from all over the world. It was compiled manually and is based on the reading of some 10.000 books, papers and various reports in multiple languages.
A particular myth can be studied in all its details and versions to identify its transformations. This approach allows integrating information from different disciplines, for instance linguistics, anthropology, astronomy, or from ancient written sources. Such work has been done, for example, with the myth of the bird-nester in America (Lévi-Strauss 1964 -1971 and Eurasia (Sergent 2009 ). Alternatively, one may consider a very large corpus of myths or mythological motifs and extract general trends. This last approach has the advantage of facilitating a global analysis. The difference between the two approaches is equivalent, in the field of genetics, to the difference between the study of a particular gene and a whole genome analysis. A global study of Berezkin's corpus was previously done (Korotayev and Khaltourina 2011 , Berezkin 2013 using Principal Components Analysis (PCA). PCA is a method well adapted to big data but furnishing a limited amount of information in comparison to the methods used in this study. The analysis showed that the different peoples are grouped within clusters corresponding to well-defined geographical regions. It is one of the goals of this work to verify the existence of these clusters with an independent method and to analyse in more details the proximity relationships between the different clusters.
Methods

Phylogenetic approaches
The study of myths using mathematical methods has its roots in their formalization, allowing a structural analysis. The use of biological metaphors (for review, see Hafstein 2001 ) and of statistics (e.g. Boas 1895:341-347) is very old in comparative mythology. Adler (1987) was the first person to apply phylogenetic tools to classify myths and folktales, followed by Oda (2001) and Tehrani (2013) . The phylogenetic method was also used to reconstruct the evolution of myths and traditions (d 'Huy 2012 , Le Quellec 2015 , to study the ecotypification of many variants of a same myth (d 'Huy 2013, Ross, Greenhill and Atkinson 2013) and it seems compatible, at least for a part, with the structural approach (Thuillard and Le Quellec 2017 ). This summary is given for memory, and it is important to note that our own paper moves away from these classical phylogenetic approaches.
After coding, typically with binary characters, the different versions of a myth can be analysed using mathematics or computational methods. The data are coded so that if a motif is present, it takes state '1' while if it is absent it has state '0'. In this sense, each motif can be interpreted as a binary character and each entry (people) as a taxon. The distance matrix between two taxa is computed summing up the distance on each motif. The distance is zero if the two taxa have the same motif's state and one otherwise.
The representation of the different motifs on a phylogenetic tree is based on the following assumptions: i) Motifs are transmitted unchanged over time and space except for minor transformations that may be compared to mutations. A mutation is defined as the appearance or disappearance of a given motif. ii) A new motif appears only once. The condition ii) is a mathematical condition that is seldom perfectly satisfied. A central result in phylogenetic study, applied to myths, is that motifs transforming according to i)-ii) can be exactly represented by a phylogenetic tree (Semple and Steele 2003) . Figure 1a shows an illustration of this result. In real applications, if the probability of a motif to appear twice is very low then a phylogenetic tree is often a good representation of the data. Unlike genes, cultural elements can be acquired both from other members of the same group of peoples and from outside that group, i.e. they can move from people to people without the need for those peoples to be genetically related. Thus, the distribution of cultural elements and genetic markers will not necessarily cooccur across different populations. Transmission may occur within a population or through cultural interaction between different populations.
In recent years, it has become increasingly clear that a phylogenetic tree is often a too crude representation of the relationships between motifs. A distinct group (i. e. taxon) may inherit motives from several other groups. Figure 1b shows an example in which a motif is inherited both in direct descend as well as through interaction with a distant taxon. This latter process is named in analogy to genetics a lateral transfer. As long as lateral transfers are between adjacent nodes, the different motives can be represented by a phylogenetic network (Thuillard and Moulton 2011) . Phylogenetic analysis of data proceeds into two steps.
ii) Order the different taxa. Figure 2 shows, using a simple example, the action of the NeighborNet ordering algorithm. iii) Validate the data to find out if they fit well to a phylogenetic tree and network. Validation is done using a contradiction index (Thuillard 2007, Thuillard and Fraix-Burnet 2011) . The contradiction index computes a measure of the deviation of the ordered data to a perfect phylogenetic network. Contrarily to global indices, the contradiction can be computed on each separate taxon. The main question behind any comparative study is how to validate the results. In many studies, results are supported by specifics indices showing that on average the results can be trusted. Having phylogenetic studies in mind, a good index does not indicate that the classification is correct in all its details. There is a need for better indices. In this context, the contradiction index is a useful measure that provides both a global and a local indication of the quality of a fit to a phylogenetic description. In this study the average contradiction was moderate, but quite high in Eurasia. For that reason, no phylogenetic network is shown in this study. We believe that representations of the data as in Figure 4 -6 permit to better grasp the underlying structure of the data. Due to the very large size of Berezkin's database, standard software programs could not be used in this study and a computationally very efficient variant of the NeighborNet ordering algorithm (Bryant and Moulton 2003) was implemented using the approach in Thuillard and Fraix-Burnet (2009) . Contrarily to previous studies (d 'Huy 2013 , Ross et al. 2013 , Thuillard, Le Quellec, d'Huy 2018 , NeighborNet was applied to both the taxa (peoples) and the motifs. Anticipating the results, after ordering, one observes that motifs with state '1' have a high density within well-defined clusters. Within a cluster the distribution of state '1' seems to be mostly random. In order to better define the clusters, the data were processed with a correlation operator. This approach is a valid approach on the observed distribution showing well-defined clusters of points after ordering both the motifs and taxa. The correlation matrix T ij = cor(X i , s j ) was computed with X i representing after ordering the i th taxon and s ij = cor(Y i , Y j ) the correlation between each pair of characters (Y i , Y j ). The different clusters were then identified by a segmentation algorithm using a Laplacian operator (Al-Amri, Kalyankar and Khamitkar 2010). All clusters are observed in a large group (665 taxa and 1477 motifs) of adjacent taxa and motifs characterized by a low average contradiction value on the ordering of both taxa and motifs. In order to analyse how clusters relate with each other, the distance matrix was averaged over each cluster and represented in a gray-scale heatmap (Figure 4) . The remaining 787 motifs were analysed in a second classification using all taxa. In order to compare both corpora corresponding to the two classifications, the frequencies of the words composing the motifs (n = 175.092) were analysed by summing up the number of occurrences of a state '1' for each character used in the first (resp. second) classification (Table 2) .
Area study
In the present case, we were confronted with the difficulty that well-defined clusters are identified but the relationships between these clusters are difficult to establish as the distribution of the different states connecting the clusters does not always fit well to a phylogenetic network (see Fig. 4 and related discussion on the contradiction index). For that reason, a different approach was developed. The method uses directed graphs to represent proximity relations between clusters. The use of digraphs as an extension of phylogenetic networks is known (Bordewich and Semple 2007) but the application to the study of myths is new.
A matrix M with as many lines as clusters and as many columns as characters was built by averaging over each cluster and character the number of taxa with state '1'. A digraph (i.e.: directed graph) was generated by constructing a proximity matrix P ij between pairs of clusters. The proximity matrix was first initialized to zero. A recurrent formula was used on each character to compute the proximity matrix. For each character, one has
If the cluster (i) has the highest average value on all clusters and the cluster (j) has the second highest value above a given threshold (0.03 in this study), otherwise P ij (k + 1) = P ij (k). Figure 3 illustrates the algorithm.
The higher the weights of a directed edge, the more connected are the two clusters. A large imbalance between the weight of the two directed edges connecting the same two nodes indicates that shared motifs are much more frequent in one of the clusters than in the other one. If more than two clusters fulfil the condition for updating the above proximity matrix, then the two characters are simply ignored and no update is done. Using that supplementary uniqueness condition, one can show that, given a perfect phylogenetic network and after having partitioned all taxa into subset of consecutive taxa, the edges of the digraph are only between taxa that are adjacent on a circular order. This follows directly from the result that binary data can be exactly represented by a phylogenetic network provided the taxa with state '1' are consecutive (Bandelt and Dress 1992) . In the result section, we will see that this condition is not fulfilled and that a phylogenetic network is here not the proper representation of the complex structure of the data (Figure 4 is a therefore a better representation than a phylogenetic network as discussed below). 
Results and discussion
Cluster analysis
The ordering procedure was applied to both the taxa and the motifs' space. Figure 4 shows the value of 1477 consecutive motifs averaged on each of 11 regions. The remaining motifs and taxa did not show any clear structure (i.e. cluster) in this first analysis. The 11 clusters consist each of consecutive taxa after ordering with NeighborNet.
Each cluster in Figure 4 is characterized as well as possible below: (1) Eurasia, North-and East Africa (2) Circumpolar Eurasia (3) Southeast Asia (part of Oceania) (4) Sub-Saharan Africa (5) South America (Papua, New Guinea) (6) Circumpolar America (7) Bering Strait (8) Northwest N. America (9) Central-and East N. America (10) Pacific Coast (South-and North America), Mesoamerica (11) Oceania The different clusters identified in this study correlate very well to the ones obtained with previous studies on the same data (Berezkin 2017) .
Eurasia: The main geographic division in Eurasia is between circumpolar regions, Southeast Asia and the rest of Eurasia.
Africa: The continent is divided into two regions: North Africa is within the Eurasian cluster (1), while Sub-Saharan Africa forms a specific cluster. The 'SubSaharan Africa' cluster (4) shares a number of motifs with Eurasia.
Oceania: The 'Oceania' cluster contains a grouping of taxa from Oceania and the Pacific Islands. This cluster includes remote islands like Tahiti or Hawaii that were first inhabited recently when compared to other parts of the world.
America: The cluster 'Circumpolar America' contains mainly peoples from circumpolar regions in North America and also in Eurasia around the Bering Strait and Greenland (Eskimo, Netsilik, Iglulik, Caribou, Reindeer and Maritime Koryak). The most common word in this cluster is the word 'raven' who is one of the main character of this mythology. The 'Northwest N. American' cluster corresponds to peoples from the Northwest (with a majority of Salishan, Penuti and Na-Dene speakers) while cluster (9) corresponds to peoples east of the Rocky Mountains speaking languages from different families (Algic, Caddoan, SiouxKatawba). The 'Pacific Coast' cluster is composed of peoples whose language belongs mainly to Quechua, Uto-Aztecan, Mixo-Zoquean, Oto-Mangean, Mayan. Upon further examination ones observes two sub-clusters: the first one corresponds to Meso-and North American peoples while the second one is a mixture of peoples from Peru, Ecuador and Central America. The Pacific Coast cluster contains also a number of taxa from India and Southeast Asia.
The 'South America (Papua, New Guinea)' cluster (5) contains several taxa among Papuans, Solomon Islanders, and South East Asian hunter-gatherers. This suggests a hypothetical Papua / New Guinea / South American 'supercluster' already discussed by several anthropologists, such as Nichols (1994) for language, and Gregor and Tuzin (2001) for genders. An over-proportional number of motifs in this cluster are related to body parts ('Body anomalies of the first people', 'Body anomalies of inhabitants of a distant land', 'No-anus people', etc.), in particular genitals, as well as to 'woman'. Is it the result of an early or a recent migration or a convergence due to similar habitats? (see e.g. Malaspinas et al. 2014 , Raghavan et al. 2015 ). We will not tackle here the problem of common origin and diffusionism vs convergence as these topics have been treated in much depth and with great insight in Gregor and Tuzin' s edited book: 'Gender in Amazonia and Melanesia' (2001) .
Clusters are of different sizes both geographically and in terms of the number of motifs. The 'Eurasia, North and East Africa' (1) cluster covers all Eurasia with the exception of circumpolar Eurasia and Southeast Asia. No clear fine structures are observed within this cluster. There is a plausible explanation for that result. Within most of Eurasia, a large proportion of motifs may have diffused quite randomly. A quite different situation is observed in North America which is divided into several small regions with motifs specifics to each region. Figure 4 is the basis for a more in-depth study of the relationships between clusters. Without being too technical, a basic property of phylogenetic tree or network is that, for a given motif, the taxa with state '1' should be adjacent leading to a zero contribution to the contradiction index. One computes from Figure 4 that the contradiction index is quite large on the 'Eurasia, North-and East Africa' cluster (about 20%) and low (on average below 12%) for the North American clusters (6-9). The North American clusters can be well described in first approximation by a phylogenetic tree or network, while the Eurasian clusters are quite far from a phylogenetic structure. Lévi-Strauss (1964 -1971 emphasizes at different moments in his career that myths can be related through a complex set of transformations summarized in the so-called canonical formula. For narratives (that are not myths), Mosko (1991) claims that another formula should be used instead. A new perspective on this question has been recently formulated (Thuillard and Le Quellec 2017) . Both the canonical and Mosko's formula have a simple interpretation within the graph theory. The canonical formula describes an instance of myth's evolution that can be described exactly by a perfect phylogenetic tree. Mosko's formula describes a completely different scheme of evolution. It is typically the result of a fast evolution of mythemes resulting possibly in all combinations of binary characters, and Mosko's formula leads to a highly connected graph. Our results show that depending on the regions and the scale at which the data are considered, the best description of the data may change quite drastically. At the scale of a cluster, the motifs are, on average, randomly distributed. We have found that in some regions, for instance North America, motives can be described to a good approximation by a phylogenetic tree or an outer planar network, a type of phylogenetic network (Bryant and Moulton) . This topology suggests that motives have diffused among several regions without much transformations and that identical motives are not the result of convergence processes or multiple independent creations. In other areas like Eurasia, motives seem to be randomly distributed among the many peoples as expected from Mosko's formula for narratives. The network describing the distribution of motives is highly connected. Such a network is characteristic of peoples having interacted extensively over eons. In other words, our results show that Mosko's formula for narratives applies, in many instances, to the description of myths.
Connections between the clusters
As a phylogenetic network cannot be used to represent the whole dataset, one understands the need for a proximity analysis to represent the relationships between clusters. Figure 5 shows the result of the area study. One observes two super-clusters characterized by large weights (broad lines in Figure 5 ). The first supercluster contains Africa and Eurasia. The second supercluster contains the North American taxa. The two superclusters are connected through the circumpolar Eurasian cluster. The different clusters are also consistent with results from previous phylogenetical (e.g. d 'Huy and Berezkin, 2017) , statistical (e.g. Bogoras 1902, Korotayev and Khaltourina 2011) and areal (e.g. Berezkin 2013, Le Quellec 2014) approaches on much smaller corpora.
The main information contained in Figure 5 is summarized in Figure 6 (Top). Repeating the classification on the remaining group of characters results in a second classification represented in Figure 6 (bottom). Geographically, similar groupings are observed but somewhat blurred. For instance, the different North American regions cannot be well differentiated. The number of edges for the subSaharan Africa and Oceania clusters were below the threshold of the value P (See method section. No edge is represented if P<9). Also, no taxa in Africa could be validated, and only one in Australia. The second group of motifs, associated to the second classification, contains about 200 motifs which contrarily to the first group of motifs are widely spread over several clusters. It is as if superposed to a body of motifs concentrated mostly on a well-defined cluster, a second group of motifs was broadly shared by many peoples. Figure 7A shows that the most frequent words in the first classification (in order of decreasing frequency: woman, man, animal, people, snake, sky, person, bird, wife, girl) are quite different from the most frequent ones in the second classification (moon, sun, earth, water, animal, man, female, trickster, bird, eclipse) .
Comparison of the two classifications
The first group contains many motifs related to creation myths, the origin of death and a number of well-known motifs such as the rainbow snake and the cultural hero. The second part of the corpus contains several motifs connected to the sun and the moon, to celestial bodies or to a flight in the sky (cosmic hunt, man in the moon, obstacle flights, extra suns and moons annihilated) as well as to the trickster theme. Each subset has two prevalent motifs: Woman+Animal vs Moon+Sun, and they also differ in their level of thematic dispersion.
In both classifications, taxa in South America are related to taxa in Melanesia. The connection is the strongest in the first classification with the South American cluster including 9 Melanesian taxa. Many motifs in the South American cluster are related to 'body parts' and to 'woman', two common topics in the first classification. Fig. 7B shows that in the second group the highest frequencies concern only twenty themes, while all other motifs (those in green) appear very rarely, or only once. On the other hand, the first group has a lower proportion of rare motifs, the dominant themes being much more numerous than in the other corpus. This demonstrates that the second group is far less "diversified" than the other, and this all the more remarkable considering that most of its motifs have a very extended geographical distribution. Table 2 shows the 10 most frequent words in each corpus with their number of occurrences. Three motifs are found in most clusters (≥ 8/11). The two first motifs are 'Colours of bird' and 'White raven'. Once the raven is replaced by a local black bird, the motif extends to South America. The white raven motif is a very old one, often part of the Flood and the Earth diver myths, that got transferred to the New World in pre-Columbian times (Korotayev et al. 2006) . The third motif is 'The Hole in the Sky', which is a concept related to the vision of a solid sky, at least 4000 years old (Seely 1991) . More generally, one observes a good correlation between widely shared motifs and myths that are documented in ancient written sources.
Conclusions
There are essentially two main corpora of motifs that are geographically intertwined. On both corpora, one observes a very good correspondence between the different clusters obtained after classification and the collection area of the motifs. Let us mention two particular results. On the first corpus, a clear connection is seen between America and Eurasia through the circumpolar regions in the first group of motifs. The association between myths found among peoples in South America and in Papua, New Guinea and the neighbouring islands is not a new observation, but it is difficult to explain. Creation myths, origin motifs and a number of well-known motifs such as the cultural hero or the rainbow snake are a core concern in the first corpus of motifs, while celestial bodies are a central focus in the second one, as well as animals and trickster stories. The most frequent motifs in the second corpus are quite different from the ones in the first corpus, the moon and the sun being a central focus, as well as animals together with the trickster theme. The second corpus contains the majority of motifs having a very extended geographical distribution and includes a large number of motifs present on most regions. Quite interestingly, one observes that the motifs with the broader distribution are often quite old myths that did propagate mostly orally but were recorded in writing at least in one location during ancient time. This confirms the large diffusion and stability of some ancient myths.
In a wider perspective, we have shown that the use of a very large database should enable us to renew and improve the study of the worldwide distribution of mythical motifs and "to test a richer array of hypotheses" (Henrich et al., 2010: 81) . This makes it possible, in particular, to avoid the sampling bias observed in previous comparative studies (Bortolini et al. 2017 , d'Huy et al. 2017 . Our results show that world mythologies are structured in geographical patterns and confirm the existence of great dichotomies like the one between 'Gondwanian' and 'Laurasian' myths in Witzel's terminology (2001 Witzel's terminology ( , 2012 , but they also indicate that the global distribution of myths cannot be reduced to such simple oppositions. Now, it would be very interesting to be able to cross our results with other types of data, for example regarding the environment (e.g. Botero et al. 2014) or the rituals (Gray and Watts 2017) , etc., in continuation of comparable research (e.g. Currie 2013, Jordan and Huber 2013, Kirby et al. 2016 ). The problem is that we are currently facing the non-interoperability of several very large databases built independently of one another, but this type of difficulty should be overcome in the future.
The methods used in this study extend phylogenetic approaches to more complex topologies. Our approach builds a bridge between phylogenetic studies and network analysis (Kenna and MacCarron 2016) .
Obviously, the methods presented here are not limited to myths. The differences and similarities between the evolution of genes, languages and cultures have been thoroughly studied (Ross, Greenhill and Atkinson 2013) . The conclusions are that despite the important differences between genes, languages and cultural traits, similar theories and methods can be applied to all of them separately. Considering that phylogenetic networks find their origin in the work of the archaeologist Flinders Petrie (1899) it is quite clear that the methods presented may also be relevant to archaeology (Le Quellec 2017).
